Evidence from Nicaragua
I. INTRODUCTION
The most popular policy tool used in the last decade in developing countries to increase human capital has been the conditional cash transfer program, which provides cash payments to households conditional on regular school attendance and visiting health clinics.
Many governments implemented experimental frameworks to assess the impacts of conditional cash transfers on employment, schooling, and health among poor eligible households (PROGRESA in Mexico and PRAF in Honduras, among others). Though conditional cash transfers have achieved quantified success in reaching the poor and bringing about short-term improvements in consumption, education, and health (Schultz 2004; Gertler 2004; Rawlings and Rubio 2003) , most of the literature has focused on mean impacts. As Heckman, Smith, and Clements (1997) point out, however, judgments about the "success" of a social program should depend on more than the average impact. For example, it may be of interest to investigate whether social programs have differential effects for any subpopulation defined by covariates, for example gender effects, or whether there is heterogeneity in the effect of treatment. Knowledge of whether a program's impacts are concentrated among a few individuals is important for the effectiveness of the program in reaching its target population.
This paper contributes to the small but growing literature on the estimation of heterogeneous effects of conditional cash transfers in developing countries. This type of program has received a great deal of attention among policymakers, influencing adoption of new policies in Latin and Central America. The assessment of heterogeneous impacts is done with a unique data set from a social experiment in Nicaragua designed to evaluate a conditional cash transfer program targeted to poor rural households, the Red de Proteccion Social (hereafter RPS) or Social Safety Net. The analysis takes advantage of the random assignment of localities to treatment and control groups so that program participation is not correlated in expectation with either observed or unobserved individual characteristics and outcome differences provide an unbiased estimate of the true mean impact of the program.
The purpose of this paper is to investigate the degree of heterogeneity in program impacts of the RPS program for education, health, and nutrition in Nicaragua. This paper explores the heterogeneity of impacts as a function of observable characteristics (age, gender, poverty, and household head characteristics) and the criteria used by the RPS to select beneficiaries. This paper also investigates the overall heterogeneity of program impacts using quantile treatment effects (QTE), which allows us to test whether conditional transfers lead to larger or smaller changes in some parts of the outcome distribution.
This paper adds to the existing literature in several ways. First, the existing literature on conditional cash transfers focuses on mean impacts, in the full sample and in demographic subgroups. This paper goes beyond mean impacts and interaction variables and tests whether there are heterogeneous impacts of conditional cash transfers on the distribution of expenditures. Conditional cash programs, such as the RPS, have differential effects on household behavior given that transfers affect regular school attendance and health visits. For example, the school cash transfer is conditional on regular attendance of children age 7 to 13 years who have not yet completed the 4 th grade. For households with children age 7 to 13 years who have not completed fourth grade and are not attending school, the program has income effects of the cash transfer and substitution effects of a lower price of schooling driven by the attendance requirement. Some households may have to bear the cost of children's foregone labor earnings due to the implicit reduction in labor time, in which case the impact on household expenditures may be negative if the RPS transfer does not make up for losses in income from market work. The monetary transfer received to buy food (or food cash transfer), however, has a positive effect on household expenditure. The net effect on expenditures could be positive or negative. Conditional cash transfers have differential effects based on whether the household is meeting the requirements prior to the implementation of the program. Knowing more about this heterogeneity is relevant to anti-poverty policies (Ravallion, 2005) .
Second, the literature on QTE has been limited mostly to the US context. Recent papers have used QTE to assess the impacts of training programs on labor outcomes such as Heckman, Smith, and Clements (1997) ; Black, Smith, Berger, and Noel (2002) ; Abadie, Angrist, and Imbens (2002); and Firpo (2007) . Bitler, Gelbach, and Hoynes (2005, 2006) examine the impact of welfare reform experiments on earnings and total income. Overall, the main finding is that variation in the impact of treatment across persons is an important aspect of the evaluation problem. To the best of my knowledge, Djebbari and Smith's (2005) study represents the first to analyze heterogeneous impacts of social programs in a developing country using QTE.
Third, QTE corresponds, for any fixed percentile, to the horizontal distance between two cumulative distribution functions. Under the rank preservation assumption, QTE can be interpreted as the treatment effect for individuals at particular quantiles of the control group outcome distribution or the treatment effect for each quantile in the distribution (Bitler, Gelbach, and Hoynes, 2005) . Without the rank preservation assumption, QTE represents how various quantiles of the outcome distribution change in the treatment and control groups, but we cannot make inference on the impact on any particular person. This paper presents evidence of rank invariance in the RPS context to help clarify the interpretation of the QTE impacts for the development literature.
The main results show that impact estimates vary among the eligible population. From the analysis on subgroups, the estimates show that boys experienced a larger positive impact of the program on schooling and a negative impact on the probability of engaging in labor activities and hours worked. The estimates also show that older children experienced a The rest of the paper is organized as follows. Section II presents the RPS Program and data and Section III outlines the theoretical framework. Section IV outlines the empirical strategy and this is followed by a discussion of the empirical results in Section V. Section VI concludes.
II. THE RPS PROGRAM

II.1 Program Structure and Benefits
Nicaragua is a lower-middle income country. To enforce compliance with program requirements, beneficiaries did not receive the transfer if they failed to carry out the conditions previously described. Less than 1 percent of households were expelled during the first two years of delivering transfers, though 5 percent voluntarily left the program, e.g., by dropping out or migrating out of the program area (Maluccio and Flores, 2005) .
II.2 The Experimental Design and Data
The evaluation design is based on an experiment with randomization of localities into treatment and control groups. One-half of the 42 localities were randomly selected into the program. The selection was done at a public event in which the localities were ordered by their marginality index scores and stratified into seven groups of six localities each. Within each group, randomization was achieved by blindly drawing one of six colored balls without replacement; the first three were selected in the program and the other three in the control group. and demographic characteristics such as parental schooling, labor market outcomes, health, nutrition, and attributes of the physical infrastructure of the household, among others. 6 Table   2 presents descriptive statistics for each year. Prior to the program, the mean per capita consumption was 3885 Nicaraguan Cordobas (hereafter C$) or about US$298.9 a year, with 70 percent allocated to food consumption. The randomization is at the locality level rather than at the household or individual level. One reason for doing the random assignment at the locality level was to avoid spillover effects between treated and untreated individuals in the same locality. This was part of the motivation for doing the random assignment at the village level in the PROGRESA evaluation as well. 7 Assignment by randomization at the locality level ensures the treatment and control groups are similar on average in terms of observable and unobservable characteristics. There is a chance, however, of observing some non-randomness in terms of differences between localities selected for the control and treatment groups at the household level prior to the program, since estimates of average quantities are more reliable with large sample sizes and the sample subject to randomization is small (42 localities) (Behrman and Todd, 1999) . Table 3 shows t-tests of the equality of means at the household and individual level. Main results show that the majority of variables measured prior to the random assignment do not differ between the treatment and control groups, which suggest that the sample is well balanced across these groups. Households with no children in the targeted age ranges or with children under age 5
(but without children aged 7 to 13 who have not completed the fourth grade) receive the food cash transfer. These transfers will have a pure income effect and it is expected that these households will have higher expenditures after the program.
Households with children aged 7 to 13 years old who have completed fourth grade at primary school and are attending school without the program will be eligible to receive food transfers but not school transfers. Food cash transfers will have a pure income effect and it is expected that these households will have higher expenditures after the program.
Households with children aged 7 to 13 years, who have not completed fourth grade but are attending school even without the program, are eligible for both the food and school cash transfers. These transfers will have a pure income effect and it is expected that these households will have higher expenditures after the program. In sum, the predicted effect on expenditures is heterogeneous. At the top of the expenditures distribution, or the richest households among the eligible ones, households are meeting or almost meeting program requirements prior to the program and thus, the impacts will be larger. For some part of the bottom of the expenditures distribution are located households who are not meeting the requirements (e.g. children are not going to school the minimum required time) and for which the cost of participation is the highest (children's contribution is significant), for them the program impacts could be positive or negative.
These households are likely to be the ones who rely greatly on child labor. As Basu and Van's (1998) seminal model shows a household will send children to work if adult income or family income from non-child labor sources becomes very low. In between these extremes, the effect of the program depends on whether the child is attending school the minimum required time or not. The extent to which the program has a significant impact on different parts of the expenditure distribution can only be determined through empirical analysis. 
IV. EMPIRICAL STRATEGY
Let
I.V.1 Impacts at the Subgroup Level
The first method generates impact estimates that vary among the eligible population by considering variation in impacts as a function of observable characteristics through the interaction of the treatment indicator in equation (1) with a variety of individual and locality characteristics as follows:
where i y is some outcome measure, i C is the characteristic of interest, i T is a dummy variable representing whether the locality was randomly assigned to the treatment or control group, and * ii TC represent the interactions between the characteristics and the treatment indicator.
The interpretation of the coefficients is as follows: for example, in the specification that tests for heterogeneous impacts by gender, i C is a dummy variable equal to one if the child is male, the coefficient 1 is an estimate of the difference in the outcome between boys and girls, the RPS effect for girls is given by 2 , the corresponding effect for boys is given by the sum of the coefficients 23 . If 3 is statistically significant different from zero, there is evidence of heterogeneity of treatment effects by gender.
i C also includes characteristics of the head of household and locality. I also use a criterion used by PRS to select beneficiaries, the locality marginality index. Program officials using data from the 1995 Nicaraguan Household Survey, collected prior to the program, constructed this index. Following the analysis in Djebbari and Smith (2005) for Mexico, the impact of conditional cash transfers is expected to be largest for households living in more impoverished localities as defined by the marginality index. If the targeting mechanism is efficient, then households in the most marginal localities get a greater program impact than less marginal places. Equation (1) also controls for other baseline household and individual characteristics ( i X ) to take into account any differences that were present despite randomization and to increase the precision of the coefficient estimates. The standard errors are clustered at the locality level.
I.V.2 Quantile Treatment Effects
The method described in the previous section emphasized differences in means. While the mean is important, comparisons of means only account for shifts in the central tendency of a distribution. For many questions, knowledge of distributional parameters is required; for example, the proportion that benefit from treatment, the proportion that gain at least a fixed amount, or the quantiles of treatment effect (Heckman, Smith, and Clements, 1997) . One particular feature of interest in the RPS context is the behavior at the left tail of the consumption distribution, as this measures consumption of those households that most likely are not meeting the requirements (children are not going to school the minimum required time) and for which the cost of participation is the highest (children's contribution is significant). In order to capture responses across the entire distribution of consumption, the second econometric method uses the QTE approach.
Most of the existing literature on QTE is based on social experiments in employment, training and welfare programs in the US. Heckman, Smith, and Clemens (1997) , find strong evidence that heterogeneity is an important feature of impact distributions using experimental data from the National Job Training Partnership Act Study. Black, Smith, Berger, and Noel (2002) , using experimental data from the Worker Profiling and Reemployment Services program, find that the estimated impact of treatment varies widely across quantiles of the outcome distributions. The pattern of impacts suggests that the treatment has its largest effect on persons whose probability of unemployment insurance benefit exhaustion without treatment would be of moderate duration. In evaluating the economic effects of welfare reform, Bitler, Gelbach, and Hoynes (2005, 2006) find strong evidence against the common effect assumption using experimental data from the Connecticut's Job First Waiver program and the Canadian Self-Sufficiency Project. Their estimates suggest substantial heterogeneity in the impact of welfare reform on earnings and total income, which is consistent with the predictions from the static labor supply model. Let denote the quantile of each distribution
where " inf " is the smallest attainable value of y that satisfies the condition stated in the braces. The quantile treatment effect at quantile is defined as
For example, suppose that y represents family income in a given year, 0.25 y is that level of income for households in the treatment (control) group such that 25 percent of treatment (control) households have income below it.
0.25
QTE is given by the difference between the income of households in the 25 th percentile of the treated distribution and the 25 th percentile of the control distribution.
The impact estimate for a given quantile is the coefficient on the treatment indicator from the corresponding quantile regression as follows:
where ( | ) i Q y T denotes the quantile of expenditures conditional on treatment.
11
As presented above in table 2, the RPS sample is well balanced and there are few statistical differences in the observable characteristics in the two groups. To correct for any differences not accounted for by the randomization of localities into treatment and control groups and to obtain more precise estimates, I have included covariates as in Djebbari and Smith (2005) . 12 The vector of control variables includes characteristics of the head of household (age, education, gender, employment) and household demographic composition.
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The advantage of the QTE approach relative to the common effect model is that the impact of the program on different quantiles of the outcome distribution does not have to be constant.
Note that although average differences equal differences in averages, the treatment effect at quantile is not the quantile of the difference (Y 1 -Y 0 ). The QTE corresponds, for any fixed percentile, to the horizontal distance between two cumulative distribution functions. Under the rank preservation assumption, QTE can be interpreted as the treatment effect for individuals at particular quantiles of the control group outcome distribution or the treatment effect for the person located at quantile in the distribution (Heckman, Smith and Clements 1997; Bitler et al. 2005) . Without the rank preservation assumption, QTE represents how various quantiles of the outcome distribution change in the treatment and control groups, but we cannot make inference on the impact on any particular person.
Rank preservation across treatment status is a strong assumption as it requires that the rank of the potential outcome for a given individual would be the same under treatment as under non-treatment. There are two ways to deal with cases where the rank invariance assumption is not valid. Heckman, Smith, and Clements (1997) suggest computing bounds for the QTE, allowing for several possibilities of reordering of the ranks. The second approach argues that even without this assumption, QTE estimates are informative about the overall impacts of the program and therefore still meaningful parameters for policy purposes.
In the absence of rank invariance, the interpretation of QTE is the difference in the treated and control distributions, not the treatment effects for identifiable people in either distribution (Bitler, et al., 2005 and . The last section of the paper analyzes whether the rank invariance assumption is valid in the RPS context.
Outcomes of Interest
The outcomes of interest in the empirical section include household and individual level variables. The RPS program aims at improving the educational and health outcomes of children. I focus on children aged 7 to 13 years old at the baseline because they are most likely to be affected by the conditionality of the cash transfers. Outcomes of interest include child labor (participation and working hours) and school attendance. Child labor refers to children who are engaged in market work, which includes wage employment, selfemployment, agriculture, unpaid work in a family business, and helping on the family farm.
14 Impacts for schooling and child labor outcomes are estimated using OLS. One important feature of the data is the presence of a substantial number of children reporting zero hours of work, thus I also include the estimates from the Tobit regression.
To analyze the QTE on household welfare the empirical literature uses household consumption rather than income because data on expenditures are likely to be more accurate and consumption expenditures have a stronger link with current levels of welfare (Deaton 1997) . At the household level, this paper analyzes three outcomes of interest: per capita total expenditure, per capita food expenditure, and food share of total expenditures. The analysis of food expenditures is important because one of the keys of the program is supplementing income to increase expenditures on food so as to improve household nutrition. The expenditure variables include food, non-food items, and the value of food produced and consumed at home. Table 4 rejects the null hypothesis that all of the coefficients on the interaction terms equal zero.
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V. RESULTS
V.1 Impacts along Observable Characteristics
V.2 Quantile Treatment Effect Regression
The quantile treatment effects provide information on how the impact at the household level varies at different points of the expenditure distribution. I test whether a constant treatment effect could lead to a range as large as that observed for the QTE point estimate as in Bitler et al. (2006 
Rank Preservation and Rank Reversal
The main QTE findings show that the impact of the RPS program varied across the distribution of total and food expenditures. As previously discussed, the impact of the treatment on the distribution is not the distribution of treatment effects. This interpretation is valid only under the rank preservation assumption. This section examines whether there is evidence consistent with rank preservation. As in Bitler et al. (2005) 
VI. SUMMARY AND CONCLUSIONS
This paper assesses the importance of heterogeneity in impacts of conditional cash transfers using a social experiment from a poverty alleviation program in Nicaragua. Note: Mean treatment-control differences and p-values for tests of individual differences being significant for each observable characteristic. P-values obtained from the bootstrap with 1000 replications clustered at the locality level. Null distribution derived as in Bitler et. al. (2005) . 2 Children are required to enroll and attend classes at least 85 percent of the time, i.e., no more than 5 absences every 2 months without valid excuse.
3 This design seems to embody a perverse incentive for students to keep repeating the 4th grade so that families can continue to receive the subsidy. In order to eliminate this problem, the program design included a number of causes for which the household may be expelled from the program, among them, if the beneficiary child failed to be promoted to the next grade. This condition, however, was deemed unfair and never enforced. Thanks to the referee for pointing this out. 4 The lump sum transfer for school supplies and uniforms varies with the number of eligible children while the school attendance transfer is a lump sum per household, regardless of the number of children. re-interviewed, respectively. The principal reasons for failure to interview targeted sample households were that household members were temporarily absent or that the dwelling appeared to be uninhabited. Maluccio and Flores (2005) examine the correlates of the observed attrition and conclude that attrition is not a major concern for estimating program effects and emphasize that using only the balanced panel is likely to slightly underestimate the effects.
7 For PROGRESA, Behrman and Todd (1999) found that treatment and control groups had similar mean outcomes at the locality level before the program; however, they find small differences at the household and individual level. Thanks to the referee for pointing this out.
8 Maluccio and Flores (2005) analyze 15 indicators and find small differences only in household size and number of children younger than 5 years old. 9 In the RPS data, approximately 20 percent of the beneficiary households had no targeted children, 25 percent only children under age 5, 20 percent only children ages 7-13, and the remaining 35 percent both under 5 year-olds and 7-13 year-olds.
10 See Duflo, Glennerster, and Kremer (2007) for a methodological discussion of randomization of experiments in developing countries.
11 See Koenker and Basset (1978) . 12 Including covariates in the estimation of quantile treatment effects changes somewhat the nature of the treatment effect being estimated and the assumption that underlies it (see Djebbari and Smith 2008) . Thanks to the referee for pointing this out. 13 Unreported regressions show that the QTE estimates, without controlling for covariates, are in the 95 percent range of the QTE estimates controlling for covariates. With non-experimental data, the estimation can adjust for differences in baseline observable characteristics by using propensity score weighting as in Bitler et al. (2006) and Firpo (2007) .
14 Labor laws in Nicaragua establish age fourteen as the basic minimum age for work.
Children between the ages of 14 and 17 can work a maximum of six hours per day but not at night. The employment of youth is prohibited in places that endanger their health and safety such as mines, garbage dumps, and night entertainment venues (i.e. nightclubs, bars, etc.).
Government enforcement, however, is far from strict.
15 See Maluccio and Flores (2005) for more detailed information on the constructed variables.
16 Quintiles of the marginality index are defined such as the lowest quintile includes people with the highest marginality index (poorest), whereas the highest quintile includes those with the lowest marginality index (richest). 17 The bootstrap samples are drawn in a manner that mimics the stratified cluster sample design of the RPS survey by first drawing localities for each bootstrap sample and then sampling within the selected localities for each bootstrap sample. QTEs are calculated for each bootstrap sample and the process is repeated 1,000 times. The standard deviation of a QTE over the bootstrap replications is an estimator of the standard error. 19 Note that each bootstrap sample has the same size as the control group and sampling is made with replacement from the observations from the control group only.
20 Using the bootstrap, we can compare the mean range from the null of constant treatment effect with the mean range from the real data. One-sided tests show that we can reject the null of equality at the 5 percent level for all variables and years, separately.
